The rapid and accurate acquisition of rice cultivation information is very important for the management and assessment of rice agriculture and for research on food security, the use of agricultural water resources, and greenhouse gas emissions. Rice mapping methods based on phenology have been widely used but further studies are needed to clearly quantify the rice characteristics during the growth cycle. This paper selected the area where rice agriculture has undergone tremendous changes as the observation object. The rice areas were mapped in three time periods during the period from 1993 to 2016 by combining the characteristics of the harvested areas, flooded areas, and the time interval when harvesting and flooding occurred. An error matrix was used to determine the mapping accuracy. After exclusion of clouds and cloud shadows, the overall accuracy of the paddy fields was higher than 90% (90.5% and 93.5% in period 1 and period 3, respectively). Mixed pixels, image quality, and image acquisition time are important factors affecting the accuracy of rice mapping. The rapid economic development led to an adjustment of people's diets and presumably this is the main reason why rice cultivation is no longer the main agricultural production activity in the study area.
Introduction
Rice agriculture plays an important role in global food security assessment [1] , utilization of agricultural water resources [2] , greenhouse gas emissions [3] , bird flu epidemic prevention [4] and other research. Rice cultivation areas are vulnerable to climate change, agricultural policy adjustments, land-use changes, and other factors. For example, due to rapid population growth and urbanization,
Study Area
The study area is Zengcheng City in the central part of Guangdong Province and in the east of Guangzhou City, located in the northeast corner of the Pearl River Delta (Figure 1 ). The geographical coordinates of the study area are 23 • 05 -23 • 37 N and 113 • 32 -114 • 00 E. The research area is located in the southern subtropical zone and has a maritime monsoon climate with hot and rainy conditions. There is no winter season and because of the long growing season, the area can be cultivated throughout the year. The elevation decreases from north to south and the land is roughly divided into middle-low mountains/valleys, hilly land, and alluvial plains. Each land type covers about one-third of the total The study area covers about 1741 sq km. In 2015, the registered population of the area was 872,500 and was comprised of the non-agricultural population of 231,000 and the agricultural population of 641,500 ( Table 1 ). The area is located in the traditional double-season rice planting area in South China and has a high-quality rice variety with local characteristics. This region is located in an important part of the Pearl River Delta connecting Macau to Hong Kong. Since the end of the last century, Zengcheng has gradually transformed itself into an emerging industrial city. Its annual gross agricultural output value as a percentage of the gross domestic product (GDP) fell from 13% in 1995 to 5% in 2015. 
Materials and Methods

Data and Preprocessing
Data
In 2016, field surveys were conducted on the rice cultivation in the study area and data on the rice planting history and cropping systems in the region were collected, as well as land use maps for the region in 2005 and 2015. Remote sensing images over three time periods were collected ( Table 2 ). The study area covers about 1741 sq km. In 2015, the registered population of the area was 872,500 and was comprised of the non-agricultural population of 231,000 and the agricultural population of 641,500 ( Table 1 ). The area is located in the traditional double-season rice planting area in South China and has a high-quality rice variety with local characteristics. This region is located in an important part of the Pearl River Delta connecting Macau to Hong Kong. Since the end of the last century, Zengcheng has gradually transformed itself into an emerging industrial city. Its annual gross agricultural output value as a percentage of the gross domestic product (GDP) fell from 13% in 1995 to 5% in 2015. 
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Data
In 2016, field surveys were conducted on the rice cultivation in the study area and data on the rice planting history and cropping systems in the region were collected, as well as land use maps for (Table 2) . Landsat Thematic Mapper (TM) images were obtained for the first two time periods and Landsat 8 Operational Land Imager (OLI) images were used for the third time period. The TM and OLI data used in this study were sourced from https://glovis.usgs.gov and were the L1TP Landsat surface reflectance data product. These data were used to ensure the reliability and consistency of the data source. Table 2 . Landsat data used in the study. The Landsat images of each year correspond to at least one full rice planting cycle. The early rice planting cycle corresponds to the images covering April to July and the late rice planting cycle corresponds to the images covering August to November. We use a TOA reflectance correction method that uses only the Earth-Sun geometry to define the reflectivity of the satellite measurements and an atmospheric correction was not applied. We compare the time-series images of the Landsat products in three time periods instead of analyzing the images separately [31] . TOA image correction has been able to meet the time series of remote sensing index analysis, rather than the absolute value of these indices. Because the surface changes of the rice fields (water-vegetation-soil) in the time series are far greater than any variability caused by atmospheric influences, an atmospheric correction was not required [17] .
Time
TM image cloud and cloud shadow mask
For the TM images, cloud masks were created using the Automatic Cloud Cover Assessment (ACCA) [32] and the Function of mask (Fmask) methods [33] . The ACCA method extracts the thick cloud boundary accurately and the Fmask method is more suitable for thin clouds (Figure 2 ). However, neither of these methods is ideal for cloud shadows. Landsat Thematic Mapper (TM) images were obtained for the first two time periods and Landsat 8 Operational Land Imager (OLI) images were used for the third time period. The TM and OLI data used in this study were sourced from https://glovis.usgs.gov and were the L1TP Landsat surface reflectance data product. These data were used to ensure the reliability and consistency of the data source. We use a TOA reflectance correction method that uses only the Earth-Sun geometry to define the reflectivity of the satellite measurements and an atmospheric correction was not applied. We compare the time-series images of the Landsat products in three time periods instead of analyzing the images separately [31] . TOA image correction has been able to meet the time series of remote sensing index analysis, rather than the absolute value of these indices. Because the surface changes of the rice fields (water-vegetation-soil) in the time series are far greater than any variability caused by atmospheric influences, an atmospheric correction was not required [17] .
For the TM images, cloud masks were created using the Automatic Cloud Cover Assessment (ACCA) [32] and the Function of mask (Fmask) methods [33] . The ACCA method extracts the thick cloud boundary accurately and the Fmask method is more suitable for thin clouds (Figure 2 ). However, neither of these methods is ideal for cloud shadows. The position of the cloud shadows is affected by factors such as the sun angle, the angle of the satellite sensors, the height of the clouds, and the terrain relief. In a single image, the height of the clouds is not uniform and, therefore, the cloud shadows have different degrees of offset with respect to the position of the clouds but the offset of the shadows generated by the same type of cloud in the same scene is nearly similar. Therefore, we visually interpret the type of clouds in a single scene and move the cloud mask to obtain a corresponding cloud shadow mask (Figure 2c-f ).
OLI image cloud and cloud shadow mask
For the OLI image, we select the pixels in the Quality Assessment Band marked as "not affected by instruments or clouds" as a mask to remove the cloud and cloud shadows in the scene.
Vegetation Index and Water Body Index
In this study, the characteristics of the key phenological changes of the rice were captured using the normalized difference vegetation index (NDVI) [34] and the modified normalized difference water index (MNDWI) [35] . The NDVI is one of the most widely used remote sensing spectral indices for monitoring vegetation density and health. The NDVI values range from −1 to 1. The index is easy to interpret and compare, and compensates for the differences between images as a result of different atmospheric conditions and satellite instrument characteristics. Its calculation formula is
where ρ NIR is the near-infrared band (0.76-0.90 µm) and ρ RED is the red band (0.63-0.69 µm). We use the NDVI as an indicator of crop harvesting characteristics, taking into account that the NDVI is prone to saturation in high vegetation cover but sensitive to low vegetation cover changes. There is no winter in the study area and the vegetation remains green throughout the year. During the crop harvesting season, the NDVI loses its ability to detect change due to the saturation of high vegetation areas; this can result in misinterpretations of the characteristics of the harvested crops and the changes in vegetation coverage of non-harvested crop lands. The MNDWI is an improvement over the normalized difference water index (NDWI) and has been shown to be more applicable to the detection of open waters while suppressing the background noise of vegetation, soil, and developed land [35, 36] . The formula is
where ρ GREEN is the green band (0.52-0.60 µm) and ρ SWIR is the mid-infrared band (1.60-1.70 µm). The green band is sensitive to differences in water turbidity, sediments, and pollution and the mid-infrared band shows strong contrast between the land and water features due to high water absorption and strong reflection of vegetation and natural landscapes [37] . Therefore, the MNDWI is more suitable for extracting the water bodies located in built-up areas because, unlike the NDWI, it reduces or even eliminates land noise [35] .
Rice Mapping Method
The rice mapping consisted of three steps, including extraction of the harvested areas, the flooded areas, and the time interval when harvesting and flooding occurred. The process is as follows ( 
Accuracy Assessment
Stratified random sampling was used to obtain the test samples for the rice classification. At the pixel scale (regardless of the problem of mixed pixels), the land types include rice fields, non-paddy fields and, within the rice field class, small rice fields (10 Landsat pixels and below), medium-sized rice fields (11 to 50 Landsat pixels), and large rice fields (51 Landsat pixels and above). In order to classify the size of the fields, in the Landsat original image, the agricultural land area (land use status map) was classified using object-oriented segmentation and the field types are determined based on the number of pixels.
The 2016 test samples were obtained using field measurements and the test samples of the remaining years were extracted from the original Landsat image and the corresponding scene in Google EarthTM [17] . In order to determine the mapping accuracy, an error matrix (at the pixel scale) is used to evaluate the user's accuracy, the producer's accuracy, and the overall accuracy. The sampling design used to obtain the test samples affects the mapping accuracy and the variance of the estimated parameters is used to explain the uncertainty of the sampling design, that is, the estimated variances of the overall accuracy, the user's accuracy, and the producer's accuracy [38] . The error matrix formulas are defined as follows: 
The 2016 test samples were obtained using field measurements and the test samples of the remaining years were extracted from the original Landsat image and the corresponding scene in Google EarthTM [17] . In order to determine the mapping accuracy, an error matrix (at the pixel scale) is used to evaluate the user's accuracy, the producer's accuracy, and the overall accuracy. The sampling design used to obtain the test samples affects the mapping accuracy and the variance of the estimated parameters is used to explain the uncertainty of the sampling design, that is, the estimated variances of the overall accuracy, the user's accuracy, and the producer's accuracy [38] . The error matrix formulas are defined as follows:
where O is the overall accuracy, q is the number of classes, i is the map class, j is the reference class, and p jj is the proportion of the area in i and j.
where U i is the user's accuracy of i, i is the map class, p ii is the proportion of the area of i in the map class and the reference class, and p i· is the area proportion of i in the map class.
where P j is the producer's accuracy of j, and p ·j is the proportion of the area of j in the reference class.
We denote the sample estimate of p ij asp ij , then
where W i is the area proportion of i in the map class. n ij is the number of samples whose map class is i and the test sample is j. n i· is the number of samples of i in the map class. The standard deviation is used to quantify the sampling variability associated with the accuracy estimate. The estimated variance of the overall accuracy iŝ
The estimated variance of the user's accuracy of i in the mapping result iŝ
The estimated variance of the producer's accuracy for j in the test sample iŝ
where N j is the total number of margins of j in the map class and n j is the total number of j in the test sample.N ·j is the total number of estimated margins for the pixels of the j in the test sample; the formula isN
4. Result
Spatio-Temporal Changes In Rice Cultivation in the Study Area
In period 1, rice cultivation was the region's main agricultural production activity but after 20 years, the rice planting area decreased by more than 80% (Figure 4) . The largest decrease in the rice planting area occurred in the southern alluvial plain. In period 1, the plain was still one of the main rice producing areas. From period 1 to period 2, the area of paddy fields decreased considerably only in the northern part of the plain; in period 3, there was only a sporadic distribution of paddy fields throughout the plains. The central hilly region, "one step behind", experienced similar changes. From period 1 to period 2, the rice planting area shrank but it still retained the majority of the area. In period 3, the rice fields were scattered in the hilly region. Correspondingly, the northern valley has retained more rice agriculture. . From period 1 to 3, the scale of rice agriculture in the region dropped sharply by more than 80% and occurred sequentially from south to north. Figure 5 shows that a large number of the large paddy fields (over 4.5 ha) were distributed in the study area in period 1. By the second period, large-scale rice fields were scattered only in the north of the plain and were concentrated in the central hilly region and the northern valley region. By the third period, large-scale rice fields were scattered only in the northern valleys. From period 1 to period 2, the distribution of small-scale paddy fields (less than 0.9 ha) and medium-sized rice fields (ranging from 0.9 ha to 4.5 ha) increased in the central hilly region and in the northern mountainous region. This is due to the fact that with the gradual reduction in the area of paddy fields, more and smaller areas of paddy fields occur but the overall trend indicates that the area of medium-sized rice fields and small rice fields has decreased significantly. 2, and 3) . From period 1 to 3, the scale of rice agriculture in the region dropped sharply by more than 80% and occurred sequentially from south to north. Figure 5 shows that a large number of the large paddy fields (over 4.5 ha) were distributed in the study area in period 1. By the second period, large-scale rice fields were scattered only in the north of the plain and were concentrated in the central hilly region and the northern valley region. By the third period, large-scale rice fields were scattered only in the northern valleys. From period 1 to period 2, the distribution of small-scale paddy fields (less than 0.9 ha) and medium-sized rice fields (ranging from 0.9 ha to 4.5 ha) increased in the central hilly region and in the northern mountainous region. This is due to the fact that with the gradual reduction in the area of paddy fields, more and smaller areas of paddy fields occur but the overall trend indicates that the area of medium-sized rice fields and small rice fields has decreased significantly. (c) Figure 5 . Panicle area of rice in the study area during periods 1, 2, and 3 (small paddy field ≤ 10 Landsat pixels, 11 Landsat pixels < medium paddy field ≤ 50 Landsat pixels, large paddy field > 51 Landsat pixels). From period 1 to period 2, large paddy fields first disappeared in the southern alluvial plains. During the 3rd period, large-scale rice fields were sporadically distributed only in the northern valleys.
Mapping Accuracy
The accuracy results of the rice mapping are shown in Tables 3 and 4 . The overall accuracy of rice mapping in the three periods was 93.5%, 81.0%, and 90.5%, respectively. In the second period, the mapping results were poor (user's accuracy and overall accuracy for rice and non-rice lands were around 80%) because cloud and cloud shadow could not be eliminated entirely in the image (see the Landsat data). Panicle area of rice in the study area during periods 1, 2, and 3 (small paddy field ≤ 10 Landsat pixels, 11 Landsat pixels < medium paddy field ≤ 50 Landsat pixels, large paddy field > 51 Landsat pixels). From period 1 to period 2, large paddy fields first disappeared in the southern alluvial plains. During the 3rd period, large-scale rice fields were sporadically distributed only in the northern valleys.
The accuracy results of the rice mapping are shown in Tables 3 and 4 . The overall accuracy of rice mapping in the three periods was 93.5%, 81.0%, and 90.5%, respectively. In the second period, the mapping results were poor (user's accuracy and overall accuracy for rice and non-rice lands were around 80%) because cloud and cloud shadow could not be eliminated entirely in the image (see the Landsat data). For the first and third period, the accuracy was higher for the non-rice class than the rice class (95.0% vs. 92.0%, 93.0% vs. 88.0%, respectively). The high accuracy of the non-rice class indicates that the rice class cannot be easily defined by the extraction rules defined for the harvested areas, flooded areas, and the time interval. This also explains that the user's accuracy is higher for the rice class than the non-rice class (in periods 1 and 2 respectively, 94.8% vs. 92.2%, and 92.6% vs. 88.6%).
Influence of Rice Field Area on Mapping Accuracy
In each of the three periods, the smaller the area of a single paddy field, the lower the overall accuracy of the classification results (in period 1, 79.3% of all paddy fields were small-scale paddy fields, 88.5% were medium-sized paddy fields, and 96.0% were large-scale rice fields; in period 2, the proportions were 60.0%, 78.0%, and 86.0%, respectively; in period 3, the proportions were 76.3%, 82.0%, and 93.5%, respectively). Due to the failure of completely eliminating the cloud and cloud shadows, the mapping accuracy was generally low in period 2. After removing the cloud and cloud shadows, the mapping method used in this study is very stable with regard to the mapping accuracy of the medium-sized and large-scale rice fields (overall accuracy in periods 1 and 3 was about 90%).
The smaller the area of the paddy fields and the greater the amount of mixed pixels, the more difficult it is to determine a threshold for the remote sensing index. The area of small paddy fields is generally underestimated (the producer's accuracies of rice mapping in the three periods were 75.3%, 64.7%, and 77.3%, respectively). Mixed pixels are common in 30-m spatial resolution images and the segmented areas of the Landsat pixels corresponding to small rice fields have a very high probability of mixed pixels. Other areas in the study area, especially other crops planted very close to the paddy fields, had almost no water present during the rice transplanting period. When the pixels of rice and non-rice crops are mixed, the MNDWI at the transplanting stage is close to or even larger than 0, resulting in a failure of extraction during masking of the flooded features, thereby reducing the mapping accuracy of the small paddy fields. 
Estimated Variance of Mapping Accuracy
The overall precision, user's accuracy, and cartographic accuracy of the rice mapping method were estimated based on the areas (number of pixels) of rice and non-rice in the classified image. By comparing and analyzing the overall precision of rice mapping in the three periods, we can observe the influence of the rice field changes in the study area on the mapping accuracy. The overall accuracy of rice mapping was highest (0.918) in period 1. During period 3, the paddy area was significantly smaller and the overall accuracy was lower (0.896). Due to the reduction of the paddy area and the influence of cloud and cloud shadows, the overall precision of the rice mapping was lowest during period 2 (0.844).
The changes in the paddy field area have a significant effect on the precision of the rice mapping. The small-scale rice fields have lower overall accuracy estimates in all periods (0.718 in period 1, 0.636 in period 2, and 0.782 in period 3). With the shrinking and disappearance of the large and medium-sized rice fields, the proportion of small rice fields increased. The overall accuracy of the small paddy fields was higher during period 3 than during period 1. The estimated accuracy of the rice field mapping was 0.920 in period 1 and 0.720 in period 3 and the significant reduction in the estimated accuracy of the mapping showed that the paddy field area was underestimated due to the smaller size of the rice paddy area. Most of the rice fields that were underestimated were small rice fields. The accuracy of the small paddy field mapping was estimated to be 0.763 during period 1 and the values for periods 2 and 3 were 0.702 and 0.591, respectively.
Comparison of Cartographic Results with Census Data
In order to further verify the rice mapping method proposed in this study, we use socio-economic statistical data for the study area to verify the accuracy of the mapping results. The rice agriculture data in the study area is based on one year and two seasons and the difference in the planting area of the early rice and late rice is very small in the statistical data of the same period. The statistical data in Table 5 shows the average of the sown area of the early rice and late rice in the same year. In period 1, the differences between the rice mapping results and statistical data were small, 19,542 ha compared with 22,849 ha. Consistent with the results reported in Table 6 , the image quality affected the extraction accuracy of the paddy fields in period 2 and the area of paddy fields during this period was seriously underestimated, especially in the hilly and valley areas where rice fields were widely distributed. Table 5 . Comparison of rice paddy areas mapped in this study and from statistical data (rice sown area). The statistical data for period 1 were for the entire area; the statistical data for period 2 were divided into various administrative regions; there were no rice acreage statistical data for period 3. Table 6 . The estimated variance of the overall accuracy, user's accuracy, and producer's accuracy for the maps of rice paddies in the three periods. This estimate was performed separately after all pixels had been hard-classified. The first type of hard classification: pixels are rice fields or non-paddy fields. The second type of hard classification: pixels are small rice fields, medium rice fields, large rice fields, or non-rice fields. 
Data Sources
Class
Discussion
Advantages of this Study's Rice Mapping Method
The farming system in the study area is 1 year 2 ripe. The suitable rice planting time ranges from March to November each year and the rice growth period lasts about 120 days and is divided into four main growth stages [39] . The classification method proposed in this study is based on the unique cyclic characteristics of paddy fields that include the periods of submergence, vegetation cover, and a mixed surface of bare soil/vegetation residue. Among them, the change from the vegetation cover period to the bare soil/vegetation residue period represents the harvesting characteristics of crops. Surfaces that feature this characteristic include crops such as rice (the marine monsoon climate in the study area limits the sudden drop in vegetation index caused by fallen leaves and other vegetation types). Approximately 100 days prior to the harvest period, the flooding of the fields represents the water-vegetation surface change that distinguishes rice fields from other crops. The combination of using the harvested areas, flooded areas, and the time interval between flooding and harvesting (about 100 days) separates most rice fields from non-rice fields in the study area, including riverbanks and wetlands because these sites do not exhibit the harvesting characteristics. These surface change characteristics are common in low-latitude tropical regions; therefore, the method can be used in other areas at low latitudes. However, for high latitudes, the applicability of this method requires further testing due to factors such as defoliation in non-rice regions that may interfere with the extraction of harvested areas.
Challenges of the Rice Mapping Method
Mixed Pixels
As rice fields are becoming more fragmented, the mixed pixel problem inherent in 30-m Landsat images will inevitably increase and this strongly affects the classification accuracy. However, this effect merely places higher requirements on the spatial resolution of the image data and does not change the quantitative differences between rice and non-rice land types. With the increasing availability of high-resolution remote sensing data and new data fusion methods resulting in more complex images (e.g., more bands), the ability of the proposed method to extract small rice fields can be further improved.
Cloud and Cloud Shadows
In addition to the problem of mixed pixels, cloud and cloud shadows have a significant impact on the classification accuracy. This is especially true with regard to capturing the flooding characteristics during the transplanting period when the MNDWI values of the clouds and cloud shadows are very close to those of the water bodies. Therefore, the preprocessing of clouds and cloud shadows in the image is very important. As the accuracy of cloud recognition algorithms is improving, the reduction of "contaminated" pixels in the sequential data will greatly improve the classification accuracy.
Acquisition Time of the Images
Phenology-based rice mapping requires high-quality images for specific periods. Previous studies have found that images of flooding are very important, even if clouds are present because even with a cloud cover as high as 70%, the pixels that do not have clouds can still be classified correctly. The results of this study show that the combined use of the classification results for multiple adjacent years can yield accurate information on rice agriculture in the study area during a time period.
Our proposed rice mapping method based on time-series data to extract the characteristics of the growing season increases the number of images that are required and added the harvest period to the observation window except for the flooding period. During the harvest period of rice, especially for the of late rice, the requirements are much higher regarding the quantity and quality of the images than for the flooding period. Therefore, if rice mapping methods that rely only on flooding are used, fewer images are needed and the quality requirements are lower.
Challenges to Rice Agriculture in the Study Area
The land-use data ( Figure 6 ) from 1995 to 2015 indicate that the land use patterns of most paddy fields in the study area did not change and most areas are still agricultural land. These plots are no longer producing rice and were transformed into the production of non-rice products such as corn, bananas, sugarcane, and vegetables. There is very little change in land-use types in the paddy fields (both converted to developed), and this shift is concentrated in the southern impact plain.
especially for the of late rice, the requirements are much higher regarding the quantity and quality of the images than for the flooding period. Therefore, if rice mapping methods that rely only on flooding are used, fewer images are needed and the quality requirements are lower.
The land-use data ( Figure 6 ) from 1995 to 2015 indicate that the land use patterns of most paddy fields in the study area did not change and most areas are still agricultural land. These plots are no longer producing rice and were transformed into the production of non-rice products such as corn, bananas, sugarcane, and vegetables. There is very little change in land-use types in the paddy fields (both converted to developed), and this shift is concentrated in the southern impact plain. We discuss the observed 20-year change in rice agriculture in the study area from two perspectives. First, the large reduction in rice agriculture is closely related to the rapid economic development in the region and even China. With the rapid increase in the national income, the Chinese people's quest for an increasingly diversified diet means that the demand for processed food and meat products has increased rapidly, whereas the consumption of cheap staple foods such as starch and rice has decreased significantly. This directly leads to an increase in the farmland area used for growing feed and processed food crops such as corn and soybeans [40] . From 1990 to 2010, almost all of China's main agricultural products, including four kinds of animal products (pork, poultry, beef, and dairy products) and four kinds of crops (rice, wheat, corn, and soybeans), have increased in per capita consumption, except rice and wheat [41] . The adjustment in the dietary structure brought about by economic growth is considered to be the main reason why rice agriculture "disappeared" in this study area. We discuss the observed 20-year change in rice agriculture in the study area from two perspectives. First, the large reduction in rice agriculture is closely related to the rapid economic development in the region and even China. With the rapid increase in the national income, the Chinese people's quest for an increasingly diversified diet means that the demand for processed food and meat products has increased rapidly, whereas the consumption of cheap staple foods such as starch and rice has decreased significantly. This directly leads to an increase in the farmland area used for growing feed and processed food crops such as corn and soybeans [40] . From 1990 to 2010, almost all of China's main agricultural products, including four kinds of animal products (pork, poultry, beef, and dairy products) and four kinds of crops (rice, wheat, corn, and soybeans), have increased in per capita consumption, except rice and wheat [41] . The adjustment in the dietary structure brought about by economic growth is considered to be the main reason why rice agriculture "disappeared" in this study area.
Second, the decrease in the rice-growing area is closely related to the differences in the regional economic development. The economic statistics in the study area (Table 7) indicate that the southern alluvial plain is a region with a developed economy, dense population, and convenient transportation. The industries there have developed rapidly and, correspondingly, traditional agriculture there has been affected and has changed. The area in second place in terms of industrial production is the central hilly region with good natural conditions and relatively developed economic conditions. In the mountainous areas, the most traditional agricultural production activity-rice agriculture-still exists due to the constraints of the natural conditions and economic development. 
Conclusions
In this study, a mapping approach of determining harvested areas, flooded areas, and the time interval when harvesting and flooding occurred (about 100 days) was used to distinguish rice and non-rice land types in three periods at the pixel scale. The proposed method simplifies the extraction of rice fields and avoids the uncertainty in creating non-rice masks. The accuracy results demonstrate that the performance of the mapping method is stable and reliable in this study area. Since 1995, the rice cultivation area in the study area has decreased significantly, especially in the southern alluvial plains and the central hilly regions. In contrast, the northern valleys have retained more rice-growing areas. The rapid economic growth that led to the adjustment of people's diets is considered an important reason for the transformation of a large number of rice fields in the study area into other agricultural production areas. The characteristics of the rice growth period used for the classification in this study are common in low latitude tropical regions. But for high latitudes, the applicability of this method requires further testing due to factors such as defoliation in non-rice regions that may interfere with the extraction of harvested areas. Cloud and cloud shadows, as well as the presence of mixed pixels, have a significant impact on the classifier performance. The accuracy of the proposed rice mapping method can be further improved by the use of more accurate cloud and cloud shadow recognition algorithms, multi-source remote sensing images, and multi-source data fusion algorithms. 
